Quantification of vascular function changes under different emotion states: A pilot study by Xia, Yirong et al.
Quantification of vascular function changes under 




, Licai Yang 
a,*
, Xueqin Mao 
b
, Dingchang Zheng 
c




 School of Control Science and Engineering, Shandong University, Jinan, 250061, China;  
b 
Department of Psychology, Qilu Hospital of Shandong University, Jinan 250012, China; 
c
 Health & Well Being Academy, Faculty of Medical Science, Anglia Ruskin University, Chelmsford, 
CM1 1SQ, UK 
* Author to whom correspondence should be addressed; E-Mail: yanglc@sdu.edu.cn and 
bestlcy@sdu.edu.cn 
Abstract: Recent studies have indicated that physiological parameters change with different emotion 
states. This study aimed to quantify the changes of vascular function at different emotion and 
sub-emotion states. Twenty young subjects were studied with their finger photoplethysmographic 
(PPG) pulses recorded at three distinct emotion states: natural (1 minute), happiness and sadness (10 
minutes for each). Within the period of happiness and sadness emotion states, two sub-emotion states 
(calmness and outburst) were identified with the synchronously recorded videos. Reflection index (RI) 
and stiffness index (SI), two widely used indices of vascular function, were derived from the PPG 
pulses to quantify their differences between three emotion states, as well as between two sub-emotion 
states. The results showed that, when compared with the natural emotion, RI and SI decreased in both 
happiness and sadness emotions. The decreases in RI were significant for both happiness and sadness 
emotions (both P<0.01), but the decreases in SI was only significant for sadness emotion (P<0.01). 
Moreover, for comparing happiness and sadness emotions, there was significant difference in RI 
(P<0.01), but not in SI (P=0.9). In addition, significant larger RI values were observed with the 
outburst sub-emotion in comparison with the calmness one for both happiness and sadness emotions 
(both P<0.01) whereas significant larger SI values were observed with the outburst sub-emotion only 
in sadness emotion (P<0.05). Moreover, gender factor hardly influence the RI and SI results for all 
three emotion measurements. This pilot study confirmed that vascular function changes with diffenrt 
emotion states could be quantified by the simple PPG measurement. 
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1. Introduction 
Emotion recognition has attracted increasing attention since it has a variety of useful applications in 
different fields. It can be applied to driver assistance system [1], to study the effects of different 
teaching methods [2], as well as for early diagnosis of emotion-related diseases, such as Alzheimer 
[3-5]. 
Researchers have previously studied the emotion recognition by facial expressions [6,7], speech [8] 
and other physiological signals, including electroencephalogram (EEG) [9], electrocardiogram (ECG) 
[10], skin temperature [11], photoplethysmography (PPG) and respiration signal [12]. Using 
physiological signal has been proven to be more effective than facial expression and speech methods 
as they are free from the facial masking [13]. Previous study with EEG using a fractal dimension 
feature showed that negative emotion had a more active response on the right hemisphere than the left 
one [14]. Other study with ECG has suggested that heart rate (HR) could decelerate in response to 
pleasant, neutral and unpleasant emotions [15]. Using temperature as an indicator, Ekman et al have 
demonstrated that skin temperature increased more in anger than in happiness [16]. It has also been 
reported that higher blood pressure (BP) was associated with decreased intensity of emotional 
response to both positive and negative affective contents [17].  
PPG signal has also been widely used in emotion research. Different features have been extracted 
from PPG signals to link with different emotion states. Cheol et al reported that there was significant 
difference in PPG amplitude between positive and negative emotions [18]. It has also been reported 
that the PPG amplitude during pain and surprise emotions were significantly decreased than that 
during boredom emotion. Using  pulse transit time (PTT), a significant decrease in surprise emotion 
has been reported when compared with that during boredom and pain emotions [19]. The PPI, defined 
as the time interval between two consecutive pulse peaks, has also been shown an accuracy of 53% 
for classification of sadness and happiness emotions [20]. When using the multi-features of min, max, 
mean and median standard deviation in pulse signals, the accuracy of 64% was achieved [21]. 
Moreover, pulse rate variability (PRV) has also been studied between positive and negative emotions 
in developing context-related computer interface devices [22].  
Vascular function has been regarded as an important parameter for cardiovascular health [23,24]. 
Reflection index (RI) and stiffness index (SI) are widely used indirect measurement of vascular 
function [25]. However, the changes of vascular function with different emotions have not been fully 
investigated. This study aimed to quantify the RI and SI changes between natural, happiness and 
sadness emotions states. In addition, both happiness and sadness will be separated into two 
sub-emotion states: calmness and outburst, allowing further comparison of the RI and SI indices 
between the sub-emotion states. Our hypothesis is that vascular function changes with different 
emotion and sub-emotion states could be quantified by physiological parameters derived from simple 
and non-invasive PPG pulse measurement. 
2. Method 
2.1. Subjects 
Twenty subjects with a mean age of 22 years old from Shandong University were enrolled in this 
study (11 females and 9 males). All subjects were the graduate students and were healthy with no 
history of psychotropic medication, or abuse of alcohol, confirmed by the medical examination of the 
University Hospital. All subjects signed the consent forms in the study. The details of subjects are 
summarized in Table 1.  




Age (year) 22 ± 2 
Height (cm) 169 ± 7 
Weight (kg) 58 ± 11 
Body mass index 20 ± 3 
Note: data are expressed as numbers or mean ± standard deviation (SD). 
2.2. Experimental procedure 
Figure 1 shows the signal recording system (A) and the corresponding schematic diagram (B). 
RM6240C multi-channel signal acquirement system was used for the signal recording. A PPG sensor 
was attached to the left index finger of subject to record the PPG pulses. A camera was used to 
simultaneously record the facial expression of the subject. In order to stimulate emotion state 
effectively, 18 videos (9 happy ones and 9 sad ones, 10 minutes long for each) were pre-assessed and 
scored by 51 students to decide the best suitable videos for stimulating the happiness and sadness 
emotions. The final emotion-stimulation video for the happiness emotion is ‘Who Is Undercover (a 
happy game)’ and the one for the sadness emotion is ‘Nuan Chun (a touching movie)’. The reason of 
employing video stimuli is that they are more natural and reliable to evoke the inner feelings of the 
subjects compared with other emotion stimuli such as images, sounds, etc. The previous studies also 
showed that the videos had a universal capacity to elicit emotions [26,27]. Figure 2 shows the 
still images of two emotion-stimulation videos for inducing the happiness and sadness emotions.  
 
Figure 1. Experimental set-up: (A) the real signal recording system and (B) the corresponding 
schematic diagram. 
 Figure 2. Still images of emotion-stimulation videos for inducing (A) happiness and (B) sadness 
emotions. 
Before replaying the emotion-stimulation videos, 5 minutes were given to the subjects to calm them 
down for making a natural emotion. One minute PPG pulses were recorded during the natural emotion 
state. Then the emotion-stimulation videos were replayed to the subjects with randomized order. A 
gap of 10 minutes between the happiness and sadness emotion recordings was used to make sure the 
subject could restore calmness from the previous emotion state. PPG signals were recorded for 10 
minutes for both happiness and sadness emotion states for each subject. All PPG signals were 
sampled at a rate of 800 Hz.  
2.3. Data processing 
The Kalman filter was used [28] to remove the motion artifacts since the PPG signal is sensitive to 
the motion artifacts. The pulse feet were firstly detected and then the PPG signal was segmented into 
each single beat pulse. The pulse amplitude in each single beat was normalized [29,30] and the 
ectopic beats were identified and excluded [31]. The mean of all normalized single beat pulses was 
used as the subject template for the three emotion states: natural, happiness and sadness.  
Within the happiness and sadness emotion states, two sub-emotion states were manually identified 
by replaying the recorded facial expression videos. The two sub-emotion states were named as 
calmness and outburst sub-emotion states, i.e., the continuous 2 minutes with the most intense of 
emotion expression was identified as outburst sub-emotion and the remaining 8 minutes was 
identified as calmness sub-emotion state. Figure 3 shows the different emotion states and sub-emotion 
states with the identification of the facial expressions. The subject template at each sub-emotion state 
was also calculated. Figure 4 shows a PPG waveform example during the sadness emotion and the 
(A) Happiness                                 (B) Sadness 
corresponding signal episodes during the two sub-emotion states respectively. 
 
Figure 3. Different emotion states and sub-states with the identification of the facial expressions 
recorded by the camera: (A) calmness sub-emotion in happiness, (B) outburst sub-emotion in 
happiness (C) natural emotion, (D) calmness sub-emotion in sadness and (E) outburst sub-emotion in 
sadness. 
2.4. Definitions of reflection index and stiffness index 
Figure 5 illuminated the definitions of the indices of RI and SI on the pulse template. Index RI is 
the amplitude ratio between the reflected component and forward component. Index SI is the ratio of 
the subject height and peak to peak time (PPT) between the forward and reflected components. 
 Figure 4. (A) Waveform example of the recorded PPG signal for 10 minutes during the sadness 
emotion and the corresponding signal episodes with 20 seconds during the two sub-emotion states: (B) 
calmness and (C) outburst. 
 
Figure 5. Definitions of the indices of RI and SI. 
2.5. Statistical analysis 
Normal distributions of the indices of RI and SI were confirmed by the Kolmogorov-Smirnov test. 
The RI and SI differences between the three emotion states (natural, happiness and sadness) and 
between the two sub-emotion states (calmness or outburst) were compared by the one-way analysis of 














analyses were performed using the SPSS software (Ver. 20, IBM, USA). A statistical significance was 
accepted at P<0.05. 
3. Results 
3.1 Comparison among three emotion states 
Figure 6 shows examples of the normalized PPG pulse waveforms in single beat from the three 
emotion states measurements. Parameters of PPT, h1 and h2 defined in Figure 5 were marked. It is 
clear that the PPT values in both happiness and sadness emotions are smaller than that in natural 
emotion whereas the h2 values are larger, resulting in both the larger RI and SI values in happiness 
and sadness emotions.  
 
Figure 6. Examples of the normalized PPG pulse waveforms in single beat from the three emotion 
states measurements. 
The statistical results are shown in Figure 7. In comparison with natural emotion (RI: 31.3±5.7 % 
and SI 6.6±0.4 m/s), RI and SI decreased in both happiness (RI: 29.5±6.5 % and SI 6.2±0.5 m/s) and 
sadness (RI: 26.8±5.4 % and SI 6.2±0.4 m/s) emotions. For RI, the decreases were significant only in 
sadness emotion (P<0.01), whereas for SI, it was significant in both happiness and sadness emotions 
(both P<0.01). Moreover, RI, not SI, had significant difference (P<0.01) between happiness and 
sadness emotion states. 
 Figure 7. Mean and standard deviation (SD) of indices of RI (A) and SI (B) among the three emotion 
states. ** means P<0.01, NS means P≥0.05.  
3.2. Difference in calmness and outburst sub-emotion states 
As summarized in Table 2, for both happiness and sadness emotions, larger RI and SI values were 
observed with the outburst sub-emotion in comparison with the calmness sub-emotion. The increases 
of RI values during the outburst sub-emotion had statistical significances (both P<0.01) in both 
happiness and sadness emotions. However, the increase of SI values during the outburst sub-emotion 
had only statistical significance (P<0.05) in sadness emotion. 
Table 2. Results of indices of RI and SI between the two sub-emotion states. 
Emotion Index 
Sub-emotion state 
Calmness          Outburst 
P-value 
Happiness RI (%) 28.6±5.6 30.5±7.1 <0.01 
SI (m/s) 6.18±0.45 6.26±0.51 0.1 
Sadness RI (%) 26.0±4.5 27.6±6.0 <0.01 
SI (m/s) 6.16±0.31 6.27±0.37 <0.05 
Note: data are expressed as mean ± standard deviation (SD). 
 
3.3. Effect of gender factor on RI and SI 
Since the enrolled subjects had similar amount of females and males in this study (11 
females and 9 males), the effect of gender factor on the RI and SI indices for three emotion 
states was tested. As shown in Table 3, group-t test results showed that there was no 
significant difference between females and males in both RI and Si results for the three 
emotion states except for the SI index in sadness state, where the significant larger SI values 
were found in males (6.36±0.58 vs. 6.08±0.22 m/s in females, P<0.05).  
Table 3. Effect of gender factor on the RI and SI indices for three emotion states. 
Emotion Index 
Gender 
Female              Male 
P-value 
Natural RI (%) 31.9±5.9 30.5±5.8 0.6 
SI (m/s) 6.53±0.43 6.72±0.33 0.3 
Happiness RI (%) 29.0±6.5 30.2±3.1 0.6 
SI (m/s) 6.07±0.51 6.41±0.26 0.1 
Sadness RI (%) 26.3±4.5 27.3±3.8 0.6 
SI (m/s) 6.08±0.22 6.36±0.58 <0.05 
Note: data are expressed as mean ± standard deviation (SD). 
 
4. Discussion and conclusion  
Previous studies have reported the changes of different physiological features with different 
emotion states [9,10,16,32]. This polit study indicated that, vascular function changes as quantified by 
RI and SI from the simple PPG measurement are different among the three typically emotion states, 
i.e., natural, happiness and sadness emotions. This study also indicated that indices of RI and SI could 
be used to distinguish the two different sub-emotion states: clamness and outburst. 
 Studies on the emotion recognition based on PPG pulse amplitude [18], frequency and statistical 
characteristics [19,20] were reported in previous studies. Jang and Park et al extracted pulse transit 
time as the feature of vascular function under three emotion states: boredom, pain and surprise, and 
found that the PTT index decreased under the three emotion states compared with the baseline state. 
In addition, the decreases in pain and surprise emotion states are statistically significant [19,33]. The 
decreases in PTT under the three emotion states (boredom, pain and surprise) suggested the decrease 
of the arterial compliance [23,25]. However, Sugawara et al studied the effect of positive emotion 
(mirthful laughter) on arterial compliance and found that laughter produces beneficial but transient 
effects on vascular function [34]. In the current study, we found the two widely used clinical indices: 
RI and SI, had lower values under happiness and sadness emotion states compared with those under 
natural emotion, indicating the increase of the arterial compliance. Our results are the same with 
Sugawara et al whereas contract with Jang and Park et al. The differences between our and other 
researcher results showed the different responses under different emotion states. The differences 
maybe also due to the different measurement positions: peripheral artery or central artery 
measurement. Happiness emption measurement is accompanied by the laughing action. Since the 
laughing action is accompanied by the contraction of thoracic, abdominal, and facial muscles, cardiac 
output and peripheral blood flow are expected to increase while watching a happiness stimuli (a 
comedy of ‘Who Is Undercover’ in this study). The repeated muscle contraction might have evoked 
increases in blood flow and resultant production of nitric oxide. Alternatively, laughing action may 
have evoked β-endorphin release from the pituitary gland, which activates the opiate receptors that 
upregulate nitric oxide synthase, as previously hypothesized [34,35]. Thus it is possible that the 
physical action (laughing) induced by the happiness emotion is driving the changes in vascular 
function. However, our study also showed different results for another emotion condition (sadness 
emotion) with unclear mechanism. We identify that exploring the reason of the changes in vascular 
function due to the different emotion states is our future work. 
The significant differences of PPG features between the natural emotion and non-natural emotions 
also confirmed that the PPG features could carry the information of emotion state. These differences 
were also associated with the sympathetic activation [16,19,32]. Meanwhile, the larger RI and SI 
values observed in the outburst sub-emotion in the current study suggested the arterial stiffness 
increases during the more intense period of emotion expression for both happiness and sadness 
emotions.  
One of the limitations of the current study is the relatively small number of subjects. Nevertheless, 
this study provided some preliminary observation on whether the widely used indices of RI and SI 
had statistical significance among the three distinct emotion states, and further between the two 
different sub-emotion states. Since the indices of RI and SI can be easily derived from PPG pulse, this 
study also provided the evidence that PPG could be potentially used to monitor and assess the 
emotion changes.  
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